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INTRODUCTION
There is substantial and consistent evidence of an association between increased levels of ambient air pollution and mortality rates. A principal hypothesis is that exposure to air pollutants may cause acute pulmonary disease, such as bronchiolitis or pneumonia, thereby leading to congestive heart failure (CHF) in persons with myocardial damage or cardiac disease (Bates,1992) . Alternatively, exposure to ultra fine particles may invoke alveolar inflammation, release inflammatory mediators, exacerbate lung conditions, and increase coagulability of blood thereby leading to acute episodes of cardiovascular disease (Seaton et al., 1995) . In the recent studies, it was found that daily hospitalization cases for CHF and daily mortality among persons with CHF, increased when levels of ambient particles and gaseous pollutants are increased (Burnett et al., 1997; Morri and Naumova, 1998; Kwon et al., 2001) . Goldberg et al. (2003) recently conducted a mortality time series study to investigate the relationship between daily mortality due to CHF, and concentrations of particles and gaseous pollutants in the ambient air of Montreal, Quebec, during the period 1984 -1993. They observed that CHF has a positive correlation with coefficient of haze, extinction coefficient, SO 2 , and NO 2 . For example they reported that either an increase of 4.32% in the coefficient of haze, or 4.08% increase in NO 2 concentration causes a consistent average increase in daily mortality.
Existing methods of establishing ambient air quality monitoring networks typically evaluate only parameters related to ambient concentrations of pollutant(s) such as emission source characteristics, atmospheric transport and dispersion, secondary reactions, deposition characteristics, and local topography. The objective of these monitoring network design methods is to identify the locations of maximum air pollutant concentrations (Harrison and Deacon, 1998; Bladauf et al., 2001 Bladauf et al., , 2002 . However, toxicological and epidemiological studies indicate that adverse health effects from exposures to airborne contaminants are also a function of the characteristics of the individuals exposed to the pollutant. Children, the elderly, healthy adults, and diseased adults can tolerate different pollutant concentration levels before experiencing adverse health impacts (see Bladauf et al., 2001 Bladauf et al., ,2002 Goldberg et al., 2003 for details) . Thus, the existence of high concentrations of an air contaminant will not inherently result in adverse health effects unless individuals exposed to the contaminant are susceptible at that concentration level. Ambient air quality monitoring networks designed for the protection of susceptible 2 population or for epidemiological studies evaluating adverse health impacts of ambient air contaminants need to account for both contaminant characteristics and human health parameters to adequately assess health risks to the exposed population.
One of the first works in this direction is by Baldauf et al. (2001) . They have proposed an ambient air quality network using risk assessment techniques. In their recent work (Baldauf et al. 2002) the proposed risk assessment based method was compared with traditional methods of establishing air quality monitoring networks: identifying maximum concentration impacts or maximum total population. Results suggest that the health risk method best predicted the location of adverse, non-carcinogenic respiratory illness during the evaluation period.
Inspired by the work of Baldauf and coworkers the authors have developed a new riskbased methodology for air quality monitoring location prioritization. This paper presents the methodology, which optimizes ambient air quality monitoring locations for the assessments of adverse human-health impacts from exposures to airborne contaminants. Risk is focal point of this methodology. Rowe (1977) defines risk as the potential for unwanted negative consequences of an event and activity, whereas Lowrence (1976) defines it as a measure of probability and severity of negative adverse effects. In this context, risk analysis is the estimation of the frequency and physical consequences of undesirable events, which can produce harm (Ricci et al., 1981) . In conclusion risk refers to the combination of event's probabilities of occurrence and its consequences. When a complex system involves various contributory risk items with uncertain sources and magnitudes, it often can not be treated with mathematical rigor during the initial or screening phase of decision-making (Lee, 1996) .
The use of risk assessment as the basis for designing ambient air quality monitoring networks will help to target limited financial and human resources to evaluate human health risks from exposures to airborne contaminants. The monitoring network has been proposed to allow an assessment of human health risks posed by exposures to single or multiple pollutants.
Predicted concentration measurements will be used to extrapolate potential health risks to the local population from exposures to these contaminants. Risk assessment methods are used to estimate adverse health effects from the anticipated exposures. Thus, monitoring sites will be established at locations that represent the maximum health risk to the surrounding population. In the present approach, risk assessment methods have been coupled with fuzzy synthetic 3 evaluation techniques. Risk quantification using fuzzy synthetic evaluation techniques enables propagation and dilution of uncertainties in the results. Therefore, use of this approach in quantification of risk (due to exposure of air borne pollutants) and subsequent prioritization of air quality monitoring locations would enhance the reliability of the results.
AIR QUALITY INDEX
Two types of air pollution standards are implemented to maintain good air quality.
Primary standards are designed to establish limits to protect public health, including the health of sensitive populations, whereas, secondary standards set limits to protect public welfare, including protection against decreased visibility and damage to animals, crops, vegetation, and buildings.
Air quality indices are developed to provide overall (aggregated) information about air quality. They hint how clean or polluted the air is, and which associated health effects might be of concern. The concentrations of the major pollutants are monitored and subsequently are converted into an index using standard formulas. The US EPA reports air quality based on five major air pollutants -ozone, particulate matter, carbon monoxide, sulfur dioxide, and nitrogen dioxide. The higher value of an index refers to a greater level of air pollution and consequently higher health concerns. The US EPA divided air quality index into six categories:
(1) Good (0-50) -and air pollution poses little or no risk;
(2) Moderate (51-100) -air quality is acceptable; however, for sensitive population may experience health concerns;
(3) Unhealthy-I (101-150) -sensitive groups may experience health effects;
(4) Unhealthy-II (151-200) -everyone may begin to experience some health problems;
(5) Very unhealthy (201 to 300) -everyone may experience more serious health effects; and (6) Hazardous (> 300) warning of emergency conditions and entire population is more likely to be affected.
ENVIRONMENTAL AND HEALTH EFFECTS
Air quality deterioration may cause severe adverse environmental and health effects locally, regionally and/or globally as discussed earlier. In the next section, fundamentals of fuzzy set theory are presented. The proposed fuzzy synthetic evaluation technique for air quality monitoring is described in Section 3. Application of the proposed methodology is presented in Section 4. Section 5 discusses the benefits and limitations of the proposed methodology as well as recommendations for future research.
Summary and conclusions of this research are provided in Section 6.
FUZZY SETS AND SOFT COMPUTING
The term soft computing describes an array of emerging techniques such as fuzzy logic, probabilistic reasoning, neural networks, and genetic algorithms. All these techniques are essentially heuristic which provide rational solutions for complex real-world problems (Bonissone, 1997) . Quantitative aggregation of risk due to various sources is a complex process which warrants such an approach.
Fuzzy logic provides a language with syntax and semantics to translate qualitative knowledge into numerical reasoning. In many engineering problems, information about the probabilities of various risk items is vaguely known or assessed. The term computing with words has been introduced by Zadeh (1996) to explain the notion of reasoning linguistically rather than with numerical quantities. Such reasoning has a central importance for many emerging technologies related to engineering and applied sciences. This approach has proved very useful in medical diagnosis (Lascio et al., 2002) , information technology (Lee, 1996) , water quality assessment (Lu et al., 1999; Lu and Lo, 2002; Sadiq et al., 2004a) , corrosion of cast iron pipes (Sadiq et al., 2004b) and in many other industrial applications (Lawry, 2001) .
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When evaluating risk items in complex systems, decision-makers, engineers, managers, regulators and other stake-holders often view risk in terms of linguistic variables like very high, high, very low, low etc. The fuzzy set theory is able to deal effectively with these types of uncertainties (encompassing vagueness), and linguistic variables can be used to approximate reasoning and can be subsequently manipulated to propagate uncertainties throughout the decision process. Fuzzy-based techniques are a generalized form of interval analysis used to address uncertain and/or imprecise information. A fuzzy number describes the relationship between an uncertain quantity x and a membership function µ, which ranges between 0 and 1. A fuzzy set is an extension of the traditional set theory (in which x is either a member of set A or not) in that an x can be a member of set A with a certain degree of membership µ. Fuzzy-based techniques can help in addressing deficiencies inherent in binary logic and are useful in propagating uncertainties through models. Any shape of a fuzzy number is possible, but the selected shape should be justified by available information. Generally, triangular fuzzy numbers or trapezoidal fuzzy numbers are used for representing linguistic variables (Lee, 1996) .
Defuzzification is a process to evaluate a crisp or point estimate of a fuzzy number. A defuzzified number is generally represented by the centroid, often determined using the centre of area method (Yager, 1980) . Fuzzy set theory has been used for classification of rivers since the 1980s. The majority of research in environmental modeling (specifically water quality modeling) has been focused on fuzzy synthetic evaluation (FSE) and fuzzy clustering analysis (FCA). The FSE is used to classify samples at a known centre of classification (or group), whereas the FCA is used to classify samples according to their relationships when this centre is unknown (Lu et al., 1999) .
The FSE classifies samples for known standards and guidelines, which is a modified version of traditional synthetic evaluation techniques. In this paper the FSE technique is used in developing the framework for prioritization of air pollution monitoring locations.
THE PROPOSED METHODOLOGY WITH FUZZY SYNTHETIC EVALUATION TECHNIQUE
This section describes the proposed methodology to prioritize ambient air quality monitoring locations based on assessments of risk from the exposures to airborne contaminants.
The concept of risk is the main thrust for this methodology. The architecture of the proposed 6 methodology is shown in Figure 1 . The methodology involves six main steps, which are detailed in subsequent subsections.
In the fuzzy domain, risk is a composition of two fuzzy sets -likelihood (exposure) and
hazard. It is equivalent to defining risk as the joint probabilities of occurrence and consequences provided the representative probabilities are independent. In this paper, indices for both exposure and hazard are established using fuzzy synthetic evaluation techniques and then compositional rules are established to determine fuzzy risk. Fuzzy-based approaches involve three main steps:
determination of performance scores (for different pollutants or exposure parameters); grouping (aggregation) of attributes; and ranking according to aggregated scores. These three steps are referred to as fuzzification, aggregation and defuzzification, respectively (see Figure 1 ).
STEP 1 -DEVELOPMENT OF MEBERSHIP FUNCTIONS
Three linguistic variables (fuzzy subsets) are defined using triangular fuzzy numbers (TFNs) for exposure and hazard parameters. The granularity (number of qualitative levels or fuzzy subsets) is an expert's or an industry's choice, which may be defined in three to eleven qualitative levels. Consensus needs to be established among the experts on the issue of defining shapes of fuzzy sets for each basic attribute. The experts may include practitioners, regulators, and researchers. In the present study, experts agreed to define heuristically three granulars (or fuzzy subsets)low, medium, high -to maintain simplicity in the analysis.
Four hazard and three exposure (likelihood) parameters were identified. Air pollution hazard parameters include -CO, NOx, PM 10 and SOx. Exposure parameters include location sensitivity (LS), population density (PD), and population sensitivity (PS). the membership functions for other health hazard parameters are also defined as given in Table   3 . Table 5 .
STEP 2 -FUZZIFICATION
The fuzzification process converts parameters (of the same or different units) into a homogeneous scale by assigning memberships with respect to predefined linguistic variables. 
STEP 3 -ANALYTIC HIERARCHY PROCESS (AHP) -WEIGHTING SCHEME
Fuzzy synthetic evaluation requires information on the relative importance of parameters.
The relative importance is established by a set of preference weights which can be normalized to a sum of 1. In the case of n attributes, a set of weights can be written as: Saaty (1988) proposed an analytic hierarchy process (AHP) to estimate the relative importance of each attribute (in a group) using pair-wise comparisons. Lu et al. (1999) , Sadiq et al. (2004b) , and Khan et al. (2002) have used this technique for calculating the weights for different attributes in decision-making systems. The relative importance of different factors is assigned using the intensity of importance as given in Table 6 . An importance matrix J can be established where each element j mn in the upper triangular matrix expresses the importance intensity of an attribute m with respect to another attribute n. For example, in the importance matrix J below, hazard parameter CO has been assigned importance intensities 1/3, 1/2 and 2/3 with respect to NOx, PM 10 and SOx, respectively. Each element in the lower triangle of the matrix is the reciprocal of the upper triangle, i.e., j nm = 1/j mn . The importance matrix J was thus developed as an example: The value of each element j mn in J above is assigned based on expert opinion and judgement. As mentioned earlier, experts include practitioners, regulators, and researchers working on environmental issues related to processing industries and thermal power plants. A 9 matrix I can be determined by taking the geometric mean of each row and then the weighted vector W can be derived by normalization of matrix I. Similarly, the vector W Exp is established using the same procedure (see Table 7 ). The final weights for exposure parameters are given below 
STEP 5 -DETERMINATION OF RISK
Fuzzy risk is a composition of hazard and exposure fuzzy sets. In this paper, risk is defined as a 5-tuple fuzzy setvery low, low, medium, high and very high. The above nine rules are also presented in Table 8 in a matrix form. In the fuzzy composition, various aggregation operators can be used in sequences compositional rule refers to a specific sequence of aggregation operations (Klir and Yuan, 1995 
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The signs ⊗ and ⊕ represent and-type (intersection-based) and or-type operators (unionbased) operators, respectively. The commonly used and-type operators are product and minimum. Similarly, the or-type operators are sum and maximum. Therefore the common types of inferencing in fuzzy composition are sum-product and max-min rules. Both composition rules are used in this research.
STEP 6 -DEFUZZIFICATION OF RISK
A process known as defuzzification is used to calculate the crisp value of a fuzzy set.
Defuzzification is an important step in multi-criteria decision-making. Many defuzzification techniques are available (e.g., Chen and Hwang, 1992; Lee, 1990a, b) . Cheng and Lin (2002) used the maximum operator to determine classification of fuzzy subsets from a fuzzy set. The other common defuzzification methods in practice are centre of area method (Yager, 1980) , first of maximum, last of maximum, and mean of maximum. A 5-tuple fuzzy set is expressed by memberships to linguistic variablesvery low, low, medium, high and very high. For example, a 5-tuple fuzzy set for risk is [ . The first of maximum, last of maximum, and mean of maximum methods will defuzzify this 5-tuple fuzzy set as "low", "medium" and "between low and medium", respectively. These are good methods, however, they are not directly applicable in the present study. Instead of these methods, in the present work, a weighted average approach (scoring method) is used where a crisp value of a fuzzy set is determined by assigning weights to its membership (Lu et al., 1999; Silvert 2000; Sadiq and Rodriguez, 2004) .
For example, the following equation is used for defuzzification in this study:
Presently, the coefficients (weights) in Equation 8 were assigned arbitrarily based on the authors' experience. However, guidelines may be established for the risk score R based on expert opinion (Lu et al., 1999) . The higher value of R represents higher risk. Assigning larger weights to the memberships of higher risk tuples represent a risk-averted attitude of the decision-makers.
If larger weights are assigned to the memberships of lower risk, then it represents a pro-risk attitude of the decision-makers. If equal weights are assigned to each qualitative scale, it implies that the decision-maker is indifferent and represents a compromising attitude. The details on attitudinal decision-making are beyond the scope of this paper. But in this study, a risk-averted approach is used and weights are assigned in the descending order of risk, i.e., the largest weight is assigned to and the smallest weight is assigned to .
A CASE STUDY: AIR QUALITY MONITORING NETWORK DESIGN AROUND A REFIENERY
To investigate the air quality monitoring network design an area of 8km by 12.5km was selected around a petroleum refinery, which includes several near-by communities. The primary processes that take place at the petroleum refinery complex include atmospheric and vacuum distillation, platinum reforming, hydrocracking, and other downstream refinery processes. Most of the gases produced during the refining process are directed to the amine scrubber, which separates hydrogen sulfide from the hydrocarbon gases. This hydrogen sulfide gas is transported to the sulfur recovery plant so that sulfur can be removed. The sulfur unit removes 96% of the sulfur in the tail gas prior to incineration. The main pollutants, which are investigated in this study, are carbon monoxide (CO), oxides of sulphur (SOx), oxides of nitrogen (NOx), and particulate matters (PM 10 ). There are a total of 10 stacks emitting pollutants from the refinery and for the purposes of this study they were grouped in to four point sources based on their proximity to one another.
For air quality modeling purposes, the study area (100 km 2 ) was divided into uniform grids of 500m × 500m. The US EPA recommended dispersion model AERMOD (USEPA, 1998) was used. Terrain and other site-specific details were entered for each grid receptor in to AERMOD model (USEPA, 1998) . The predominating winds in the study area originate from the south and northwest. The average annual temperatures range from -20 to 30°C. Diurnal temperature variations are roughly -10°C for winter, 14°C in spring, 9°C in summer, and 9°C in autumn. Typical mixing heights for the area range from 33-110 m. Site elevations ranged from 0-200 m above sea level. The study area is characterized by mixed coniferous forest and barren marshland, with snow cover during winter months.
RESULTS AND DISCUSSION
The methodology developed in the previous section is applied to prioritize air pollution monitoring locations for the above site. The concentration of four hazard parameters (CO, NOx, 13 PM 10 and SOx) and three exposure parameters (LS, PD and PS) are used for fuzzy synthetic evaluation of various locations in the study. The methodology shown in Figure 1 has been used and results are documented as following:
AERMOD (USEPA, 1998 ) was used to model dispersion of CO, NOx, SOx, and PM 10 emitted from point sources (petroleum refinery) over the study area. The 24-hour average concentration contours of these pollutants are plotted in Figure 3 . It is clear from the figures that the dispersion patterns of these pollutants are alike. There are four major zones where maximum concentration is occurring.
Exposure parameters: The study area is initially characterised for location sensitivity, population density and sensitivity, and subsequently scaled using Table 4 . The contours of these three exposure parameters are plotted in Figure 4 .
The crisp values of hazard (concentration of CO, NOx, SOx, and PM 10 ) and exposure parameters (scaled values of LS, PD, and PS) are fuzzified (as 3-tuple fuzzy sets) using membership function defined in Table 3 and Table 5 , respectively.
The earlier derived 3-tuple fuzzy sets of exposure and hazard parameters are aggregated by matrix multiplication using the weights estimated by AHP as given in Table 7 . Now, the total study area (100 km 2 ) is divided in to 2 km × 2 km grids. The 3-tuple fuzzy sets for exposure and hazard parameters at 35 locations in the studied area are composed as 5tuple fuzzy sets of risk (see Table 8 ). Two compositional rulesmax(min) and sum(prod)are employed for this composition.
The 5-tuple fuzzy risk is later converted into crisp risk score (by defuzzification) using Equation 8. The higher value of a risk score (R) refers to a high priority for that location to be monitored. Figure 5 depicts the distribution of risk score over the area under study. The highest risk score (2.84) was obtained at location X = 10,000 and Y = 4,000 using both compositional methods. The second important location is X = 2000 and Y = 2000, where the risk sore is as high as 1.68. The results of the risk score and the corresponding ranking order of 35 locations are summarized in Table 9 for both max(min) and sum(prod) compositional rule. It is evident from the Table 9 that five locations are exceeding risk score to more than 14 1.38. The study suggests monitoring of first five main regions (ranked 1 to 5). This monitoring location differs with the current monitoring locations, which are designed based on population.
In the aggregation/composition of exposure and hazard parameters, recognition of two potential pitfalls, namely exaggeration and eclipsing, is important. Exaggeration occurs when all parameters are of relatively low risk, yet the final risk comes out unacceptably high. Eclipsing is the opposite phenomenon, where one or more of the parameters is of relatively high risk, yet the estimated risk comes out as unacceptably low. These phenomena are typically affected by the aggregation method used, thus the challenge is to determine the best aggregation method which will simultaneously reduce both exaggeration and eclipsing.
Aggregation operators used for the development of environmental indices generally include additive forms (simple addition, arithmetic average, weighted average), root sum power, root sum square, maximum, multiplicative forms (e.g., geometric mean, weighted product), and minimum operators (Silvert, 2000; Somlikova and Wachowiak, 2001; Ott, 1978) .
Model predictions may be sensitive to both the types of aggregation operators as well as to weights. Generally, a sensitivity analysis is conducted to quantify the change in output caused by changes in input values. In the proposed framework the sensitivity analysis should be extended to examine the effects of weights and aggregation operators as well. A comprehensive sensitivity analysis will depend on the actual values of the specific case at hand. As the case study presented here is a simplified example, applying such a sensitivity analysis here would be of little value.
The proposed methodology has several advantages:
It enables the synthesis of quantitative information into qualitative output which is more easily understandable to decision makers and regulators;
It can explicitly consider and propagate uncertainties;
Its modular form is scalable; enabling it to easily accommodate new hazard and exposure parameters;
It is easily programmable for computer applications and can become a risk analysis tool for air quality monitoring;
The major limitation of the proposed method is that it may be sensitive to the selection of aggregation operators. Different operators can be used for different segments of the model. Trial and error approach may be required to avoid exaggeration and eclipsing. The application presented in this paper is a simplified demonstration of the approach. A comprehensive application would require a major effort, including the collaboration of several experts in the various disciplines of knowledge. Works towards this end is in progress. Having obvious importance, very little work on risk-based air quality monitoring is reported in the literature. Here we introduced a risk-based approach that tries to overcome this deficiency by encompassing these factors for risk quantification, which may guide us to better decisionmaking.
SUMMARY AND CONCLUSIONS
In this study, an approach is developed to rank or prioritize air pollution monitoring locations based on the concept of risk. Risk is defined as a product of hazard and its likelihood of exposure, where both factors are expressed in terms of quantitative scales (defined by 3-tuple fuzzy sets). A modular hierarchical model is developed to provide a framework for aggregating hazard and exposure parameters. An analytic hierarchy process is used for the aggregation of hazard and exposure parameters. Two fuzzy compositional rulessum(prod) and max(min) are used to determine a 5-tuple fuzzy set for risk. Further research is required to develop an elaborate system, including expert panels and processes for the selection of the most appropriate operators and compositional method.
In the model development stages, the risk value is expected to have limited meaning for the acceptability of risk by the public. It is envisaged that as this methodology is developed, populated and subsequently improved upon (using newly obtained data), the developers will gain insight into acceptable risk levels as they are manifested in the final fuzzy and/or defuzzified risk values. In the longer terms, this approach could serve as a basis for bench marking acceptable risks in air pollution monitoring. 
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24 Table 6 . Fundamental scale used to developing priority matrix for AHP (Saaty, 1988) 
